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Objective. To review two indirect methods, geocoding and surname analysis, for
estimating race/ethnicity as a means for health plans to assess disparities in care.
Study Design. Review of published articles and unpublished data on the use of geo-
coding and surname analyses.
Principal Findings. Few published studies have evaluated use of geocoding to es-
timate racial and ethnic characteristics of a patient population or to assess disparities in
health care. Three of four studies showed similar estimates of the proportion of blacks
and one showed nearly identical estimates of racial disparities, regardless of whether
indirect or more direct measures (e.g., death certificate or CMS data) were used. How-
ever, accuracy depended on racial segregation levels in the population and region
assessed and geocoding was unreliable for identifying Hispanics and Asians/Pacific
Islanders. Similarly, several studies suggest surname analyses produces reasonable es-
timates of whether an enrollee is Hispanic or Asian/Pacific Islander and can identify
disparities in care. However, accuracy depends on the concentrations of Asians or
Hispanics in areas assessed. It is less accurate for women and more acculturated and
higher SES persons due intermarriage, name changes, and adoption. Surname analysis
is not accurate for identifying African Americans. Recent unpublished analyses suggest
plans can successfully use a combined geocoding/surname analyses approach to iden-
tify disparities in care in most regions. Refinements based on Bayesian methods may
make geocoding/surname analyses appropriate for use in areas where the accuracy is
currently poor, but validation of these preliminary results is needed.
Conclusions. Geocoding and surname analysis show promise for estimating racial/
ethnic health plan composition of enrollees when direct data on major racial and ethnic
groups are lacking. These data can be used to assess disparities in care, pending avail-
ability of self-reported race/ethnicity data.
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Eliminating racial and ethnic disparities in health care will require health care
plans, hospitals, and other health care organizations to obtain race and eth-
nicity on their plan members or patients (Institute of Medicine 2002; National
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Quality Forum 2002; Workgroup on Quality: National Committee on Vital
and Health Statistics 2004). Obtaining such data on all members represent a
formidable task, particularly for health plans, who generally have not retained
racial/ethnic data on enrollees because of uncertainty about the legality of
collecting racial/ethnic data or fear that consumers would assume plans were
misusing the data (Fremont and Lurie 2004).

Clarifications about the legality of collecting race/ethnicity data (Perot
and Youdelman 2001; Rosenbaum and Painter 2005) and positive reactions to
plans’ efforts to collect race/ethnicity information from enrollees to assess
disparities in care have helped allay plans’ concerns and increase their interest
in obtaining race/ethnicity (Hassett 2005; Nerenz 2005). Nonetheless, plans
have limited options for quickly obtaining needed data. Direct (e.g., self-re-
port) race/ethnicity data could be solicited at the time of enrollment for new
members, but alternative strategies are needed to obtain this information from
existing plan members. Potential methods include mail, telephone, or Internet
surveys; onsite collection at point of care; and supply by employers, hospitals,
states, or Centers for Medicare and Medicaid Services. However, each of these
strategies has limitations in terms of reliability, validity, bias, and complete-
ness. In addition, obtaining race/ethnicity data using these direct methods
typically takes plans a number of years to complete for most of their enrollees.

As a practical matter, no method for obtaining race and ethnicity data
can be entirely accurate or bias free. Surveys are limited by nonresponse. For
example, Aetna reports that 20 percent of its plan members refuse to provide
these data voluntarily ( Jack Rowe, personal communication). Whether these
refusals differ by race and ethnicity is unknown, but indirect methods could
be used to assess the potential bias here. More generally, response rates to all
types of surveys have consistently declined (Bickart and Schmittlein 1999).
Response rate to the Consumer Assessment of Health Plan Survey

s

(CAPHS)
is often under 50 percent (Weech-Maldonado et al. 2003) and differs by race
and education (Zaslavsky, Zaborski, and Cleary 2002).

Furthermore, hospitals’ inconsistent collection and classification of race
and ethnicity data is potentially problematic. For example, one study reports
that race was coded differently upon rehospitalization 6 percent of rehospi-
talized African Americans and 11 percent of rehospitalized whites (Blustein
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1994). Another study found that race and ethnicity compiled by the Veterans
Administration Health System corresponds with self-report data only 60 per-
cent of the time, with lower agreement for nonwhites and better educated
patients (Kressin et al. 2003).

In this paper, we provide a guide for health plans and other health care
organizations who want to begin assessing racial/ethnic disparities among
their members, but lack racial/ethnic data on most or all of their enrollees. In
particular, we discuss two indirect methods for estimating race/ethnicity——
geocoding and surname analyses——that potentially provide plans with an in-
expensive and efficient means to estimate racial/ethnic composition of their
members, and identify and target disparities while they proceed with the
longer process of collecting direct race/ethnicity data.

Geocoding refers to the use of plan members’ home address to infer
other information about them, including their race and ethnicity. Surname
analysis refers to the use of last names for similar purposes. We address the
advantages, accuracy, and limitations of these methods and offer practical
suggestions for using them.

GEOCODING

Geocoding involves using plan members’ addresses to identify geographic
areas where they live and linking this information to U.S. Census Bureau data
about that area. Census data includes rates of poverty, educational levels,
employment levels, and racial/ethnic composition of areas. Thus, geocoded
measures can be used, with varying levels of accuracy, to infer characteristics
about persons living in those areas such as their likely race, in addition to area
socioeconomic status (SES). Linkage to other data sources can provide ad-
ditional information regarding the physical and environmental properties of
neighborhoods such as levels of environmental lead, crime, traffic patterns,
walking or bike paths, and liquor stores.

Geocoding can be performed at different geographic levels, but degree
of correspondence between area and individual characteristics generally in-
creases when smaller, more homogenous units of analysis are used (Krieger
et al. 2002). Zip codes generally span relatively large geographic areas, often
including 30,000 or more people from widely varying sociodemographic
subgroups. Census tracts are smaller, averaging about 4,000 residents, and
tend to be more homogenous although it is not uncommon for the same tract
to include both affluent and poor neighborhoods. Census block-groups
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average 1,000 or fewer residents——the size of a small neighborhood——and
generally are quite homogenous. Finally, census blocks are small areas de-
marcated by visible boundaries such as streets, streams, and railroad tracks and
also quite homogenous, although the number of residents residing there can be
very small——averaging about 50 residents in the two-thirds of the blocks that
are populated (Krieger, Williams, and Moss 1997; U.S. Census Bureau 2004).

Uses of Geocoding in Health Care

Geocoding has been used for decades, but its use in monitoring quality of
care, is relatively new. Researchers routinely use geocoding to identify
sociodemographic characteristics of populations and areas as a means of tar-
geting vulnerable populations or to estimate effects of sociodemographic
characteristics on health when individual-level data are unavailable (Krieger,
Williams, and Moss 1997; Geronimus and Bound 1998; Elreedy et al. 1999).
Geocoded measures are commonly used to estimate SES including percent
poverty or median income when direct data are lacking (Krieger 1992).
Geocoding is sometimes used to determine latitude and longitude of a
patient’s residence and, in conjunction with geographic information systems,
to calculate distance or time to travel to providers——both of which are potential
barriers to care (Institute of Medicine 2002). In addition, geocoding can
be used to assess neighborhood characteristics, such as the availability of a
public transportations system, grocery stores, parks, and crime rates that
are associated with health behaviors and health outcomes independent of
individual characteristics (Elreedy et al. 1999; Heck, Schoendorf, and
Chavez 2002).

Marketing departments within some health care organizations and
commercial vendors have become adept at using geocoding (and surname
analyses described below) to identify populations of interest or profile soc-
iodemographic characteristics of potential service areas. However, because of
concerns about potential misuse of data to preferentially enroll or differen-
tially treat certain racial, ethnic, or SES groups, this type of information typ-
ically has not been shared with clinical or quality management staff.

Accuracy and Validity

Most validation work on geocoded measures has focused on geocoded meas-
ures of SES, sometimes referred to as area-based socioeconomic measures
(Krieger et al. 2003b). These estimates generally correspond well to estimates
based on self-reported SES and show similar associations with different health
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outcomes (Fiscella and Franks 2001; Krieger et al. 2002; Krieger, Chen et al.
2003; Krieger, Waterman et al. 2003). Census block-group and tract measures
performed comparably in detecting SES gradients. However, zip codes failed
to detect effects or showed opposite effects on numerous health indicators in
some (Krieger, Waterman et al. 2003), but not all studies (Fiscella and Franks
2001).

We found only a handful of published studies that assessed the validity of
geocoding to estimate race and ethnicity or examine the association of these
estimates with health or quality of care indicators (Andjelkovich et al. 1990;
Kwok and Yankaskas 2001; Chen et al. 2002; Fremont and Wickstrom 2002).
Although the results of these studies are mixed, some conclusions seem clear.

First, the accuracy of geocoded estimates of race and ethnicity largely
depends on the extent of racial and ethnic segregation in the geographic areas
considered. Greater proportions of particular minority groups living in racially
segregated areas yield higher specificity (i.e., lower false-positive rate) of geo-
coded estimates. Conversely, higher proportions of minorities living in inte-
grated neighborhoods yield lower sensitivity (i.e., higher false-negative rate).
Furthermore, accuracy of geocoded estimates vary somewhat depending on
the geographic level (i.e., Census tract, block group, or block) used. Theo-
retically, accuracy should be greatest with smallest areas (e.g., blocks), but
limited data suggest that aggregated estimates of racial/ethnic composition and
disparities are similar regardless of geographic unit. When plans serve signif-
icant number of enrollees in less dense or rural areas, we recommend per-
forming geocoding at the Census block group or tract level rather than at the
block level because the number of residents in many blocks may be too small
to generate reliable estimates.

Because at least half of black Americans continue to live in predomi-
nately black neighborhoods (Glaeser and Vigdor 2001), geocoding can pro-
duce reasonably accurate estimates of black race in many areas of the country.
Fremont, Bierman et al. (2005) used geocoding to identify likely black Medi-
care1Choice enrollees from four regions based on whether they lived in block
groups where more than two-thirds of the residents were black. Among 17,500
enrollees, 92 percent were successfully matched to block groups and ‘‘iden-
tified’’ as either black or other (other group was mainly white). Race data from
CMS files were used to determine ‘‘true’’ race. Of those assigned
race based on geocoding, 89 percent were classified correctly. Most (86 per-
cent) of the 11 percent of enrollees incorrectly identified as nonblack, did not
live in predominantly black neighborhoods. Similarly in a Detroit study,
investigators correctly classified whether individuals were black or white for

1486 HSR: Health Services Research 41:4, Part I (August 2006)



91 percent of a sample (N 5 310) geocoded to the block group (Andjelkovich
et al. 1990).

Geocoded measures of race are less reliable in more integrated regions.
Chen, Petitti, and Enger (2004) found that only 47,328 (30.6 percent) of
117,209 Southern California Kaiser members identified as black on hospital
discharge files lived in a Census block with more than 50 percent black res-
idents (Chen, Petitti, and Enger 2004). Similarly, geocoded measures did not
reliably predict which women in a North Carolina mammography registry
were black (Kwok and Yankaskas 2001). In general, geocoded race measures
perform much better in highly segregated cities such as Detroit, than less
segregated cities such as San Diego or Raleigh–Durham–Chapel-Hill (Rob-
inson and Grant-Thomas 2004). Because Hispanics, Asians, and many Native
Americans tend to live in far less segregated neighborhoods than blacks
(Massey and Denton 1989; Logan 2001), geocoding, alone, generally
is not useful for identifying members of these minority groups.

The accuracy of geocoding for ‘‘whites’’ has not been systematically
examined in published studies. More typically, blacks are compared with
‘‘nonblack.’’ Preliminary unpublished results suggest that geocoding alone
overestimates white numbers by several percentage points, but yields com-
parable composition and disparities estimates compared with more direct
measures (Fremont, Pantajo et al. 2005).

The accuracy of geocoded measures of race/ethnicity also depends on
the ‘‘cut point’’ (e.g., percent of residents black) used to classify individuals as
black. Increasing the cut point decreases the false positive rate, but increases
the false-negative rate. The optimal cut point depends on the distribution of
racial/ethnic groups in the areas considered and the purpose for the estimates,
but typically ranges between 50 and 75 percent.

The validity of geocoding to infer race depends on its purpose. It is not
sufficiently accurate to infer individual race. However, it seems to be valid for
estimating racial/ethnic composition of plans and assessing indicators of care
outcomes for groups in the aggregate. Chen et al. (2002) found that even in
relatively racially integrated areas like Southern California, geocoded esti-
mates yielded reasonable estimates of the proportion of black Kaiser members
in the region overall and within different Medical Centers (Table 1). Fremont,
Bierman et al. (2005) showed that geocoded measures for blacks yielded
nearly identical estimates of disparities in quality of care as those using race
derived from Medicare data (Table 2). Fremont, Bierman et al. have also used
geocoded measures of race among commercial plan enrollees to demonstrate
racial disparities in HEDIS performance (Fremont and Wickstrom 2002) and
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in use of cardiovascular diagnostic tests and therapeutic procedures (Fremont,
Wickstrom, and Escarce 2003). Geocoding is not sufficiently accurate to send
out individual letters to plan members implying that they have been identified
as black. Finally, estimates of racial disparities in health may differ between
those based on geocoded and individual measures not only because of racial
misclassification, but also because community-level factors (e.g., safe areas to
exercise or lead exposure), may differ depending on area racial composition.

SURNAME ANALYSIS

Surname analysis uses an individual’s last name to estimate the likelihood that
the individual belongs to a particular racial or ethnic group. Surname analysis
is more reliable for identifying Hispanics and Asians than African Americans
because of more distinctive last names among the former groups.

The U.S. Census Bureau has used Spanish surnames to the identify
Hispanics for nearly 50 years (Word and Perkins 1996). Surname analysis has
been used to assess mortality (Rosenwaike, Hempstead, and Rogers 1991),
cancer incidence (Swallen et al. 1997, 1998; Coronado et al. 2002), rates of
cancer screening among HMO enrollees ( Jacobs and Lauderdale 2001), local
concentrations of ethnic groups (Rosenwaike 1994), the ethnic composition of
homeowners, and the ethnicity of patients (Coronado et al. 2002; NAACCR
Expert Panel on Hispanic Identification 2003). Marketing and political con-
sulting companies use variations of this technique to identify race/ethnicity of

Table 1: Percentage of Blacks among Women Giving Birth, from Birth
Certificates and as Implied by Geocoded Data, for Selected Kaiser Medical
Centers in Southern California (S. CA)n

Medical Center N Birth Certificate (%)
Geocoded

(to Block Level) (%)

All S. CA centers 141,537 46 42
Selected S. CA medical centers

San Diego 22,877 7 6
Woodland Hills 5,633 4 3
Bellflower 14,804 13 9
West LA 8,937 48 40
Baldwin park 10,178 4 3

nAdapted from Chen et al. (2004).
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potential consumers or voters (Abrahamse, Morrison, and Bolton 1994; Lee
and Sutton 2002).

Types of Surname Analysis

There are several ways to assign ethnicity based on names: use of letter com-
binations, dictionaries of surnames, and combinations of first, middle, and last
names. The original approach, the Generally Useful Ethnicity Search System
(GUESS), was developed using 1953 California Department of Public Health
birth data (Perez-Stable et al. 1995). The program was derived using an al-
gorithm based on common Spanish names, given name, and mother’s maiden
name. It uses the linguistic structure of the last name to assign Hispanic eth-
nicity. GUESS was updated in the 1980s using more current Spanish surnames

Table 2: Comparison of Racial Disparities on Process Measures for Medi-
care1Choice Plan Enrollees Using CMS-Based and Geocoded Race/Ethnic-
ity Information

Measures

Enrollees Classified by CMS
as (%) Enrollees Classified by Geocoding (%)

Black Nonblack Difference Mostly
Black

Neighborhoods

Mostly
Nonblack

Neighborhoods Difference

Beta-blocker after
myocardial infarction

37.8 60.6 � 22.7a 40.0 63.1 � 23.1a

LDL after cardiac event 45.2 62.4 � 17.2b 45.3 61.9 � 16.5a

HgbA1c check for diabetics 51.1 65.6 � 14.5b 49.9 64.4 � 14.5b

LDL check for diabetics 39.3 60.9 � 21.6b 37.8 59.1 � 21.3b

Eye exam for diabetics 39.0 46.6 � 7.6b 38.6 45.9 � 7.3b

Urine protein check
for diabetics

19.8 18.0 1.9a 19.4 18.3 1.1

Source: Person-level race data from the Center for Medicare and Medicaid Services (CMS); Geo-
coded race data are from Managed Care Organization’s administrative database; U.S. Census
Bureau Data.

Notes: ‘‘Predominantly black’’ defined as neighborhoods in which 467 percent or more of res-
idents were black. We coded race/ethnicity information from CMS as either black or some other
race (i.e., nonblack) for consistency with the geocoded measures. In addition, coding CMS race/
ethnicity data in this way is reasonable because although the black category is accurate in CMS
data, but the white category includes a substantial number of nonblack Hispanics and other
minorities.
apo.01;
bpo.001.
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(Rosenwaike and Bradshaw 1988). A simpler approach is to assign Hispanic
ethnicity using a surname list. Such a list was developed using 1980 Census
data (Perkins 1993) and then revised using 1990 data (Word and Perkins 1996).

Surname lists have also been used to identify Asian subpopulations in
the United Kingdom (U.K.) (Nicoll, Bassett, and Ulijaszek 1986; Harland et al.
1997; Nanchahal et al. 2001), Australia (Hage et al. 1990), Canada (Coldman,
Braun, and Gallagher 1988; Choi et al. 1993; Sheth et al. 1997), and the U.S.
(Swallen et al. 1998; Lauderdale and Kestenbaum 2000). The best validated
list has been produced by Lauderdale and Kestenbaum (2000) using the Social
Security Administration’s file. Separate surname lists have been generated for
Chinese, Indian, Japanese, Korean, Filipino, and Vietnamese Americans.

Software has been developed to identify Asian subgroups using names,
some of which incorporate first names. Nanchahal et al. (2001) developed a
computer algorithm, the South Asian Names and Group Recognition Algo-
rithm (SANGRA), that generates four outputs including South Asian ethnicity;
religious affiliation; likely language; and whether ethnicity was assigned on the
basis of surname and first name, surname only, first name only, or middle
name only. Another system named ‘‘Nam Pehchan’’ relies on both stems as
well as full matching of names (Martineau and White 1998; Cummins et al.
1999; Harding, Dews, and Simpson 1999). Although both systems performed
reasonably well among U.K. samples, performance in the U.S. is unknown.

First names have been incorporated along with surnames in several
national studies of Hispanic (Elo et al. 2004) and Asian (Lauderdale and
Kestenbaum 2002) mortality. Commercial vendors have developed complex
algorithms that incorporate middle names in addition to first and last names
into coding schemes; the incremental benefit of this approach is not known.

Accuracy and Validity

Assessment of Hispanic and Asian ethnicity based on surname analysis has
been shown to be reasonably accurate across diverse populations that contain
adequate numbers of the ethnic group being assessed. Accuracy can be as-
sessed based on sensitivity, specificity, and positive predictive value (percent-
age of persons with a given surname who self-report the ethnicity assigned by
the coding method). The 1990 Census Spanish list (containing fewer than
1,000 Spanish surnames) showed an overall sensitivity of 79 percent and a
specificity of 90 percent compared with self-reported ethnicity in a national
sample (Perkins 1993).
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Asian surnames yield similar overall accuracy. Lauderdale and
Kestenbaum’s name list, derived from Social Security records, and validated
using the 1990 Census, showed sensitivities ranging from 74 percent for Vi-
etnamese to 29 percent for Filipinos and positive predictive values ranging
from 92 percent for Japanese to 76 percent for Chinese. Accuracy improves
when race data are also available, but Asian ethnicity data are lacking. For
example, availability of Asian race data can be used to distinguish Filipinos
from Hispanics (Lauderdale and Kestenbaum 2000). When race was avail-
able, the sensitivity and positive predictive values for Filipinos increased from
29 to71 percent and 86 to 93 percent, respectively.

Names such as ‘‘Lee’’ or ‘‘Real’’ are less distinctive. Errors also occur
because of intermarriage, name change, and adoption. Women who marry
outside their ethnic group may be miscoded (Winkleby and Rockhill 1992;
Perkins 1993). Rates of intermarriage differ by ethnicity, place of birth, ac-
culturation, and SES (Winkleby and Rockhill 1992; Lauderdale and
Kestenbaum 2000). For this reason, the sensitivity and specificity of surnames
are higher for men and youth and lower SES persons. Spanish surnames have
a sensitivity and specificity of 82 and 92 percent for men versus 77 and 88
percent for women (Perkins 1993). The prevalence of members of a particular
ethnic group in the community has a powerful effect on surname accuracy.
Sensitivity and specificity for Spanish surnames range from 88 and 96 percent
in Texas to 34 and 37 percent in Vermont (Perkins 1993). No published data
were found on use of surname analysis for identifying non-Hispanic whites,
African Americans, or Native Americans.

Few data have been published using surname analysis to examine qual-
ity of care. Jacobs and Lauderdale (2001) reported no differences in cancer
screening among HMO members between Hispanics and non-Hispanics us-
ing surname analysis. Nerenz et al. (2002) reported ethnic disparities in health
care quality among health plan members in three of thirteen measures——
disparities comparable to those reported in studies using self report measures.

Surname analysis, like geocoding, is potentially useful for assessing out-
comes or measures related to racial/ethnic groups in the aggregate, but not for
identifying the individual race/ethnicity of plan members. The sensitivity and
positive predictive values of the algorithms and lists can often be adapted to
the purpose at hand. If the aim is to capture as much of the population as
possible such as over sampling for a survey, lower cut-points (inclusion of less
distinctive names) should be used. If the aim is to ensure the highest positive
predictive values, only names with very high probability of correct matching
should be included.
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COMBINED METHODS

The advantages and limitations of geocoding and surname analysis comple-
ment each other (Table 3) making combined use an attractive means for
inferring race/ethnicity among plan members (Table 3). Geocoding is more
reliable for inferring black race whereas surname analysis is better for inferring
Hispanic or Asian ethnicity. Furthermore, geocoding provides estimates of the
racial/ethnic composition of the area where surnames are applied.

When the two methods are applied to the same geographic area (e.g.,
census tract, block group, or block), overall accuracy can be improved. For
example, a combined approach can improve the accuracy of geocoding of
non-Hispanic African Americans and whites. Names assigned to Hispanic or
Asian ethnicity can be removed from name lists used to assign white or black
race, thereby refining such name lists for estimating the non-Hispanic white or
black population. Incorrect assignment of minorities to the majority white
population will have relatively little effect in most instances because of much
higher numbers of white, non-Hispanics.

Conversely, the accuracy of geocoding can be improved by using in-
formation from geocoding (e.g., the percentage of each racial/ethnic group in
a census tract, block group, or block). This information can be used to generate
prior probabilities before assigning ethnicity based on surnames. Preliminary
analyses using prior probabilities to refine estimates based on Bayes theorem
suggest marked improvement in accuracy surname analysis alone or in com-
bination with geocoding to identify likely blacks without the Bayes approach
(Elliott et al. 2005). A combined approach can also help distinguish Hispanic
subpopulations. For example, if the Hispanic population in a Census block-
group is 90 percent Cuban, a person with a Spanish surname residing in that
area can be coded as Cuban with high accuracy.

The combined approach also allows health plans to estimate the pro-
portion of plan members who speak languages other than English. Surname
analysis provides estimates of the number of plan members by ethnicity that
live in a particular Census tract; Census data provide data on language spoken
at home by persons of differing race or ethnicity (U.S.Census Bureau 2003). A
combined approach also allows SES data to be appended to persons assigned
Hispanic or Asian race/ethnicity.

Last, health plans have begun to exploit the logic of combined geocod-
ing and surname analyses to examine potential disparities in care. Several
plans, participating in AHRQ/RWJF’s National Health Plan Learning Col-
laborative to Reduce Disparities and Improve Quality, are using geocoding
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Table 3: Advantages and Limitations of Geocoding and Surname Analysis
for Assigning Race and Ethnicity

Geocoding Surname Analysis

Advantages
Can be implemented quickly

and inexpensively
Can be implemented quickly

and inexpensively
Nonintrusive Nonintrusive
Unaffected by response bias Unaffected by response bias
Useful for imputing race data

individual-level data such as self-report are
unavailable

Useful for estimating language or religious
affiliation for certain groups (particularly when
combined with geocoding)

Useful for oversampling African
Americans for surveys

Useful for oversampling Hispanic and Asian
subgroups groups for surveys

Useful for estimating proportion of
health plan membership who are
African American

Useful for estimating proportion of
health plan membership who are African American

Can be used to identify racial/ethnic
disparities in care

Can be used to identify racial/ethnic
disparities in care

Can provide an estimate of SES Can be used to impute ethnicity when data are
missing from self-report data

Can be used to estimate geographical
access to care

Can be used to inform geographic based
outreach or education, or community
interventions

Limitations
Accuracy depends on degree of racial

segregation in the area
Accuracy depends on the ethnic group’s

concentration among residents in the area
Less accurate for Hispanics and Asians Less accurate for married women and adopted persons
Inapplicable to Native American

populations outside of reservations
Less accurate for members of certain

subpopulations, e.g., Cubans, Puerto Ricans, Filipinos,
and Hawaiians. Uknown accuracy for Native Americans

Accuracy depends on geographic scale of
geocoding (census tract, block group, block)

Inapplicable to African Americans

Accuracy decreases when used to
determine racial/ethnic characteristics of a
specific individual or small group

Ethnicity may be unassigned for a small portion of names

Race may be unassignable for 10 percent or
more of enrollees

Lists used to identify Asian subpopulations cannot
be used in aggregate to identify all Asians without
adjusting for the differing sensitivities of the lists for
each subpopulation

Accuracy can vary across vendors
(or software for geocoding)

Accuracy can vary across vendors
(or software for geocoding)

May not be well-suited for quality
improvement interventions targeted
at individuals as well as populations
(e.g., disease management programs)

May not be well-suited for quality
improvement interventions targeted
at individuals as well as populations
(e.g., disease management programs)

Requires some programming expertise and
access to Census data if vendor or commercial
software are not used

Requires some expertise in matching names to list,
more so, if first and middle names are used

Geocoded measures may capture
independent effects associated with the
individual as well as their neighborhood
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and surname analyses to estimate enrollee race/ethnicity as an initial approach
to examine and address disparities (Agency for Healthcare Research and
Quality 2004). Preliminary analyses suggest that although sensitivity of these
indirect measures of race/ethnicity is low in some service areas, such as the
West Coast, the positive and negative predictive values are generally high for
blacks, Hispanics, Asians, and nonblacks across different service areas. In
other words, although geocoding/surname analyses may significantly under-
identify minority enrollees in some plans, there is a reasonably high degree of
certainty that those enrollees assigned to one of the four racial/ethnic groups
based on geocoding/surname analyses actually belong to that racial/ethnic
group. Initial results also suggest that indirect measures enable plans to
identify patterns of disparities for different racial/ethnic groups on key quality
indicators (e.g., HEDIS diabetes measures) that are consistent with analyses
based on more direct measures of race/ethnicity. An added benefit of these
approaches is that it is a relatively easy step to use the geocoded information
to create geospatial maps that highlight areas of large disparities and their
characteristics, which in turn can help plans make decisions about how to most
effectively target their efforts to reduce disparities. Much more work is
planned as part of the Collaborative’s activities to confirm and clarify these
preliminary findings and to better delineate appropriate use and interpretation
of disparities analyses based on indirect measures of race/ethnicity.

GETTING STARTED

Table 4 lists the basics steps involved with geocoding and surname analyses.
Health care organizations interested in using these indirect methods can either
perform their coding in-house or contract out with commercial vendors. Most
vendors set pricing based on the number of addresses or names and the
number of variables that the organization wishes to have appended (e.g., race,
ethnicity, SES, language, religion, and so on). Some vendors charge based on
the number of matches. Typical fees for basic processing of 250,000 addresses
or names or addresses range from as low as $2.00 per 1,000 to as high as $15.00
with additional fees for others variables (e.g., SES). Most vendors offer volume
discounts; some offer discounts for repeat customers.

Coding accuracy varies considerably between vendors and does not
correlate with costs. Organizations are encouraged to submit a test file to ven-
dors and review match rates (490 percent addresses matched to Census Block
Group is good), repeatability and accuracy before signing a contact (Whitsel
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et al. 2004). Similarly, because the accuracy of these methods varies by seg-
regation levels and concentration of minorities in particular census tract,
block-groups, or blocks, the overall accuracy of these methods will likely vary
between health care organizations and between different regions of the coun-
try. For this reason, it is advisable for plans that have some self-reported race/
ethnicity data to compare estimates of racial/ethnic composition and disparities
in care based on self-report data with those based on indirect race/ethnicity
data. Such validation allows health care organizations to determine whether
accuracy across regions is sufficient to assess disparities using indirect data.

CONCLUSION

Combined geocoding and surname analysis offers health plans a timely means
to infer race/ethnicity among their plan members for the purpose of assessing

Table 4: Basic Steps in Conducting Geocoding and Surname Analysis

Geocoding Surname Analysis

1. Decide on health plan measures for
which race/ethnicity, SES, neighborhood
characteristics are needed

1. Decide on health plan measures for which race/
ethnicity, SES, neighborhood characteristics are
needed
2. Decide on ethnic groups to be distinguished2. Decide on racial/ethnic groups to be

distinguished (see Census Bureau website
for guidance)

3. Select a feasible level of analysis (Census tract,
block-group, or block) and sample (entire plan
versus selected communities)

3. Select a feasible level of geocoding
(Census tract, block-group, or block) and
sample (entire plan versus selected
communities)

4. Decide whether to use existing name lists or
software (‘‘in-house’’ analysis) or use commercial
vendor. When using vendors, shop around, submit
test file for validation

4. Weigh ‘‘in-house’’ analysis versus
commercial vendor alternatives. For
vendors: submit test file for validation and
compare results

5. Use Census data to estimate racial and ethnic
composition of area

5. Format address file and/or use Zip14
then submit to vendor to assign Census
code (e.g., block-group)

6. Format name file and submit to vendor or use
program to match last names with list and assign
probability for different ethnicities

6. Select desired race/ethnicity or SES
variables from Census data files

7. Establish cut-point depending on purpose for
which data will be used

7. Set cut-points, compute measures to be
used

8. Link ethnicity data to individuals and
performance data

8. Link racial/ethnic and SES data derived
from geocoding to individuals and
performance data
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disparities in health care processes and outcomes. Although self-report
represents the gold standard, indirect methods (suitably validated for a sample
of plan members) offer a defensible interim alternative in lieu of direct data.

A combined approach can yield positive predictive and negative pre-
dictive values of roughly 80 and 90 percent, respectively, thereby offering a
viable means for assigning race and ethnicity for purposes of examining dis-
parities in care until self-reported data can be systematically collected on all
plan members.
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